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ABSTRACT
We present a novel algorithm which is based on a Bayesian Markov Chain Monte Carlo (MCMC)
technique for performing robust profile analysis of a data cube from either single dish or interferometric
radio telescopes. It fits a set of models comprised of a number of Gaussian components given by the
user to individual line-of-sight velocity profiles, then compares them and finds an optimal model based
on the Bayesian Inference Criteria computed for each model. The decomposed Gaussian components
are then classified into bulk or non-circular motions as well as kinematically cold or warm components.
The fitting based on the BayesianMCMC technique is insensitive to initial estimates of the parameters,
and suffers less from finding the global minimum in models given enough sampling points and a
wide range of priors for the parameters. It is found to provide reliable profile decomposition and
classification of the decomposed components in a fully automated way, together with robust error
estimation of the parameters as shown by performance tests using artificial data cubes. We apply the
newly developed algorithm to the Hi data cubes of sample galaxies from the Local Volume Hi galaxy
Survey (LVHIS). We also compare the kinematically cold and warm components, and bulk velocity
fields with previous analyses made in a classical method.
Subject headings: methods: data analysis; galaxies: kinematics and dynamics; galaxies: structure
1. INTRODUCTION
The interstellar medium (ISM) in galaxies is an im-
portant reservoir of gas for ongoing star formation. It
is also an important sink for energy from outflows, su-
pernovae (SNe), shock fronts, gravitational interactions,
etc. These phenomena can result in gas displacement,
heating and ionisation. An immediate consequence can
be a broadening or skewing of line-of-sight velocity pro-
files (Young & Lo 1997; Young & Lo 1996; Young et al.
2003). Even for isolated galaxies without any obvi-
ous tidal interactions, the ISM is vulnerable to inter-
nal hydrodynamical processes resulting from star forma-
tion. The ISM in dwarf galaxies even without signifi-
cant star formation activities can be susceptible to tur-
bulent processes (See e.g., Vorobyov & Shchekinov 2004,
Dib & Burkert 2005).
Gas outflows which are driven by the deposition of
energy (baryonic feedback) such as stellar winds and
SNe will locally disturb the ambient ISM, and give rise
to complex gaseous structures, complex kinematics and
multiple phases (Hopkins et al. 2014; Fierlinger et al.
2016). On the other hand, gravitational interaction be-
tween galaxies induces more systematic and symmet-
ric large-scale morphological changes such as lopsideness
and warping (Rix & Zaritsky 1995; Bosma 1981; Briggs
1990). Correct quantitative analysis of the gaseous con-
tent of galaxies will allow for better separation of multi-
ple environmental effects such as ram pressure stripping,
tidal interaction, bars, and warps, and also allow for a
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better understanding of their past evolution.
On kpc or sub-kpc scales, gas outflows driven by star
formation or SNe will contribute to turbulent random
motion deviating from the underlying circular rotation
of the host galaxy. The majority of holes or local cavities
often found in Hi gas disk of galaxies could be from such
local baryonic feedback processes (e.g., Bagetakos et al.
2011). The kinematical and morphological properties
like expansion velocities, sizes and asymmetries can be
used to infer the released energy. This in turn allows
us to investigate the interplay between baryonic feed-
back and the ISM (Bournaud et al. 2010). Some gas
clouds show substantial kinematic deviation from the ro-
tation of the disk of host galaxies, up to several hundreds
kms−1 above their projected velocity significantly devi-
ating from the projected velocity at their positions, and
are therefore classified as high-velocity clouds (HVCs;
See e.g., Westmeier 2018). The origins of these HVCs
could arise from accretion from the cosmic web, left-
overs from evolution of the host galaxy, or galactic foun-
tains (Bregman 1980; Miller et al. 2009; Fraternali et al.
2015).
Gas clouds moving at anomalous velocities cause com-
plex ISM structure and turbulent kinematics, which of-
ten distort the underlying Hi kinematics of the host
galaxy. Previous studies have shown that modelling of
such distorted motions is not straightforward when clas-
sical moment analysis is applied to velocity profiles which
are asymmetric, non-Gaussian, or have multiple com-
ponents. Parameters such as amplitude, central veloc-
ity and velocity dispersion become sensitive to estima-
tion methodology. Such analyses can result in biased
measurement for highly asymmetric non-Gaussian pro-
files. This causes uncertainties in deriving galaxy rota-
tion curves, and for subsequent mass modelling.
To minimise the effect of asymmetric non-Gaussian ve-
locity profiles in the derivation of representative prop-
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erties, profile decomposition techniques using multiple
components can be used, as implemented in several radio
astronomical software packages such as GIPSY4, AIPS5,
and CASA6. However, even if a satisfactory model is
found, further issues often remain: 1) fitting is invari-
ably based on χ2 minimisation procedures, which are
sensitive to initial parameter estimates; 2) fits that use
many (typically more than three) components will of-
ten fail to converge; 3) even if the profile decomposition
is successful, these packages do not permit automated
classification of components or any easy way to identify
spatially coherent velocity features.
Oh et al. (2008, 2011, 2015) performed multiple Gaus-
sian decomposition of an Hi data cube of galaxies from
THINGS7 and LITTLE THINGS8, separating random
non-circular motions from circularly rotating compo-
nents using model reference velocity fields constructed
from 2D tilted-ring analysis. However, their fitting
method was based on a χ2 minimisation technique and
still suffers from some of the above issues. Their method
requires manual estimation of input parameters for each
data set. Likewise, their method is limited in determin-
ing the optimal number of Gaussian components in a sta-
tistical robust manner. This makes it difficult to perform
robust and automated profile analysis for a large num-
ber of Hi data cubes from large surveys like ‘Widefield
ASKAP9 L-Band Legacy All-sky Blind SurveY’ (WAL-
LABY; Koribalski 2012).
To circumvent the issues, we present a new profile de-
composition technique based on Bayesian Markov Chain
Monte Carlo (MCMC) statistics, and discuss its prac-
tical application to a number of sample galaxies from
LVHIS10. We also present their bulk velocity fields which
excludes the effects of non-circular motions as well as de-
composed additional kinematic components. The newly
developed algorithm will be useful for quantitative anal-
yses of the structure and kinematics of the ISM in other
galaxies with high resolution data, or for the automated
analysis of data from future large Hi surveys.
The structure of this paper is as follows: Section 2
describes the newly developed algorithm, and Section 3
discusses a performance test using an artificial Hi data
cube. Section 4 presents a practical application to the
LVHIS sample galaxies, and discusses the newly derived
kinematics. Section 5 summarises the main results.
2. PROFILE DECOMPOSITION
2.1. Modelling non-Gaussian velocity profiles
A non-Gaussian velocity profile at a line-of-sight ve-
locity x can be modelled as a set of multiple Gaussian
4 Groningen Image Processing System (van der Hulst et al.
1992)
5 Astronomical Image Processing System
6 Common Astronomy Software Applications (McMullin et al.
2007)
7 The Hi Nearby Galaxy Survey (Walter et al. 2008)
8 Local Irregulars That Trace Luminosity Extremes, The Hi
Nearby Galaxy Survey (Hunter et al. 2012)
9 Australian Square Kilometre Array Pathfinder
(McConnell et al. 2016)
10 Local Volume Hi Survey (Koribalski et al. 2018)
components as follows:
G(x) =
m∑
i=1
ai√
2πσi
exp
(−(x− µi)2
2σ2i
)
+
n∑
j=0
bj x
j (1)
wherem is the number of Gaussian components fitted, ai,
σi, and µi are the area, standard deviation, and central
velocity of the ith Gaussian component. bj are constants
of the nth-order polynomial for the baseline fit. The line-
of-sight velocity profile of a single gas cloud element in
the ISM of a galaxy is approximated by a Gaussian func-
tion. As given in Eq. 1, the line-of-sight velocity distribu-
tion of gas clouds moving at different velocities driven by
internal or external hydrodynamical processes can then
be described by multiple Gaussian components.
As mentioned in Section 1, a fit made with multiple
Gaussian components becomes sensitive to initial esti-
mates of free parameters whose number, M, is propor-
tional to the number (m) of Gaussian functions adopted
(i.e., 3m). This is particularly challenging for fitting al-
gorithms based on a χ2 minimisation because they of-
ten get trapped in local minima of models. In addition,
any spike-like noise properties in the profile worsen their
ability to derive reliable estimates of the parameters. In
this case, manual fitting in which initial estimates of pa-
rameters are provided by visual inspection is usually ap-
plied, however, supervision is usually required to achieve
a global minimum. This is not ideal for profile analy-
sis of large Hi surveys or even for a single observation.
Moreover, it often leads to either under- or over-fitting
due to the unknown number of Gaussian components in
the prior.
In order to improve the situation, we perform a pro-
file analysis in a Bayesian MCMC framework. Compared
to a fitting algorithm based on a χ2 minimisation, it is
more efficient at sampling high-dimensional parameter
space like the case shown in Eq. 1. Despite a large CPU
penalty, this algorithm is less likely to get trapped in
local minima, and more able to find the global minima
correctly, as long as there are enough sampling points
and a sufficiently wide range of priors for each param-
eter. This significantly reduces the sensitivity of initial
estimates of the χ2 fitting to the final fit results. As
a bonus, the MCMC sampling technique provides robust
error estimates of the parameters. Ultimately, this would
allow us to perform robust and reliable profile decompo-
sition analysis of data cubes from large spectral emission
line surveys in an automated way.
We perform a Bayesian fitting of the model with mul-
tiple Gaussian components given in Eq. 1 to a profile via
MCMC sampling as follows,
p(Θ|y, g) = p(y|Θ, g)× p(Θ|g)
p(y|g) , (2)
where p(y|g) is the evidence, p(Θ|g) is the likelihood,
p(y|Θ, g) is prior, and p(Θ|y, g) is the posterior distribu-
tion of the model from which we derive the best fits of
the parameters (see Sivia & Skilling 2006). For the like-
lihood, we define a log-likelihood function for a Student-t
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distribution as follows,
logL =
N∑
n=1
log
[
Γ(ν+12 )√
π(ν − 2)Γ(ν2 )
]
(3)
− 1
2
N∑
n=1
logσ2n
− ν + 1
2
N∑
n=1
log
[
1 +
ǫ2n
σ2n(ν − 2)
]
where ǫn = f
LOS
n − Gn (fLOSn : the observed flux at the
nth channel of a profile; Gn: a Gaussian model value at
the nth channel as given in Eq. 1), N is the number of
channels of a profile, ν (> 2) is the normality parameter,
and Γ is the gamma function given as
Γ (x) =
∞∫
0
sx−1e−sds. (4)
The overall scaling of the distribution is set by a free
parameter, σn. As discussed in Oh et al. (2018), the
Student-t distribution is less sensitive to outlying data
points by having heavier tails than the normal distribu-
tion (see also Ro¨ver 2011). Following Oh et al. (2018),
we adopt ν = 3 which is the smallest value allowed in
the Student-t distribution.
For the calculation of the Bayesian evidence in Eq. 2,
which is the most time consuming step in a Bayesian
analysis, we use the multinest library (Feroz & Hobson
2008; Feroz et al. 2009b) which implements a nested
sampling algorithm. multinest is a Bayesian infer-
ence tool which has been applied to several astrophys-
ical inference problems with high multi-modality (e.g.,
Feroz et al. 2009a; Feroz et al. 2011). It is particularly
useful for parameter estimation and model selection in
multi-modal posterior distributions as in our case. Sim-
ilar implementation has been applied to absorption line
data from the ASKAP ‘First Large Absorption Survey in
Hi’ (FLASH) (Allison et al. 2012). Most recently, it has
been successfully implemented in a 2D galaxy kinematics
analysis tool, 2dbat (Oh et al. 2018), and found to be
robust and efficient in the kinematic parameterisation of
26 resolved galaxies from LVHIS.
For the prior distributions of the parameters in Eq. 2,
we use conservative uniform priors which are wide
enough to cover their possible ranges and to avoid any
biases caused by priors. We normalise the amplitudes of
profiles in a data cube to make their priors unitless as
follows,
fnorm(xnorm) =
f(xnorm)− fmin
fmax − fmin (5)
where fmin and fmax are the lowest and highest flux val-
ues of a profile, and xnorm is a normalised velocity in the
same way,
xnorm =
x− xmin
xmax − xmin (6)
where velocity x ranges from xmin to xmax.
For an objective and quantitative model selection
among the other competing models having different N
in Eq. 1, we use the Bayesian Information Criteria (BIC)
value which is computed as follows:
BIC = log(N) p− 2 log(Lˆ) (7)
where N is the number of data points, p is the number
of free parameters to fit, and Lˆ is the maximised likeli-
hood function of the model. This evaluates the statis-
tical benefit of adding additional free parameters to the
fit. As the number of Gaussian components m adopted
in Eq. 1 increases, the maximised value of the likelihood
function tends to increase, favouring a model with the
larger Gaussian components m. However, the number of
free parameters p, in the first term of Eq. 7 acts as a
penalty against over-fitting, balancing between the high-
likelihood and the model complexity. In this way, for a
finite set of models with different number of Gaussian
components m in Eq. 1, we can choose a model with the
lowest BIC value as the best model for a given profile.
2.2. Separation and classification of the decomposed
multiple Gaussian components
The individual Gaussian components in a model se-
lected according to BIC values are then classified into
sub-components in accordance with their kinematic
properties as follows: 1) the bulk motion moving at a ve-
locity nearest the assumed underlying kinematics of the
host galaxy; 2) non-circular motions deviating from the
bulk motion; 3) kinematically cold or warm components
with either smaller or larger velocity dispersion; 4) high-
velocity components moving at a velocity larger than the
allowed galactic velocity in the same direction.
For the assumed underlying kinematics of the host
galaxy, a model velocity field from a 2D or 3D kine-
matic analysis is used. As an example, ring parame-
ters from 2D tilted-ring analysis made to a velocity field
can be used for constructing such a reference velocity
field. To minimise dependence on the reference veloc-
ity field, which might result in biased bulk motions as
well as other sub-components, we fit a simple disk model
with constant position angle (φ) and inclination (i) to
smooth out any localised kinematic deviations and bet-
ter extract the underlying global kinematics. In addi-
tion, as discussed in Oh et al. (2008), for constructing a
reference velocity field, we start with a single Gaussian
fit, or moment 1, to which a 2D or 3D disk model is
fitted. We then iterate the procedure by replacing the
reference velocity field with a new one constructed from
the kinematic analysis done using the bulk velocity field
extracted in the previous step. We stop the process once
the average of velocity residuals between the successive
bulk velocity fields extracted is less than a certain value,
such as the channel resolution. Lastly, we separate non-
circular motions from the circular rotation of the galaxy
based on the extracted bulk velocity field.
2.3. Software
We developed a standalone computer code written in
C that implements the decomposition of velocity pro-
files in a data cube and subsequent classification as de-
scribed in Sections 2.1 and 2.2. This software employs
multinest, a Bayesian inference tool, for calculating the
posterior distribution and the evidence for a given likeli-
hood function. Additional libraries like CFITSIO (Pence
4 Oh et al.
Fig. 1.— Example velocity profiles with different S/N values of 3, 5, 7 and 9. Upper panels: Dotted lines indicate the input profiles
and grey dots include added Gaussian noise. The solid lines show the best fits using the one with the least BIC value among the ones
with different numbers of Gaussian components up to seven. The arrows indicate the kinematically cold (C) and warm (W) Gaussian
components classified. Middle panels: Residuals between the input noise-added profiles and the best fits in the upper panels. Bottom
panels: The computed BIC values in Eq. 7 from the Bayesian fits with different number of Gaussian components from 1 to 7. The dashed
lines indicate the number of Gaussian components with which the Bayesian fits have the least BIC values.
1999), GNU Scientific Library (GSL) and some routines
from Numerical Recipes (Press et al. 1992) are used in
the course of the analysis.
To improve the processing time in calculating the ev-
idence using MCMC techniques, the code is parallelised
using the Message-Passing Interface (MPI) standard. In
the current version, the input data cube is equally seg-
mented into a number of cubelets to which each processor
of a multi-core machine is assigned. In this way, the exe-
cution time can be reduced by using multiple processors.
The code is available for download11, alongside instruc-
tions for its installation.
2.4. Examples
In this section, we demonstrate the robustness and re-
liability of the method using example velocity profiles in
a variety of situations with different noise properties and
complexity. For complexity, we simulate a velocity profile
consisting of up to four additional Gaussian components
defined with their own amplitudes, central velocities and
dispersions. We then add different levels of Gaussian
noise to the profiles. The resulting signal-to-noise ratio
11 http://www.github.com/seheonoh/baygaud
(S/N) values of their lowest Gaussian components are 3,
5, 7, and 9 as presented in the upper panels of Fig. 1.
We fit a set of models given in Eq. 1 to the profiles with
m=1 to 7 to assess whether the fit results are reliable and
robust. The Gaussian components decomposed using the
code are overplotted as dotted lines in the upper panels
of Fig. 1. As shown in the bottom panels of Fig. 1, for
all the example profiles, the number of input Gaussian
components, namely five, is correctly recovered. In addi-
tion, the derived parameters of the individual Gaussian
components are in good agreement with the input ones,
within uncertainties, even for S/N ∼3. This is also ap-
parent in the residual profiles shown in the middle panels
of Fig. 1. Additionally, the kinematically cold and warm
Gaussian components, classified according to their veloc-
ity dispersions are correctly indicated by arrows in the
upper panels of Fig. 1.
3. PERFORMANCE TEST
In this section, we apply the technique to a set of model
Hi data cubes of artificial galaxies whose underlying kine-
matics resembles typical rotation curves of intermediate-
mass and massive spiral galaxies as well as dwarf galax-
ies. This is to verify the robustness and reliability of the
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Fig. 2.— Example 2D maps of the four Gaussian components extracted from an artificial data cube described in Section 3.1: 1) Int.
(integrated intensity in units of Jy beam−1 km s−1), 2) Vel. (central velocity in units of km s−1), and 3) Disp. (velocity dispersion in units
of km s−1). Note that these are not sorted in intensity, central velocity or velocity dispersion.
algorithm described in Section 2, and the performance of
the code.
3.1. Artificial cubes
As base models, we adopt the 52 artificial data
cubes which were used to test fat12 described in
Kamphuis et al. (2015). These were also used to test
the performance of 2dbat in Oh et al. (2018). The
cubes were constructed using three representative rota-
tion curves, 1) a solid body-like rotation curve of dwarf
galaxies, 2) an increasing rotation curve of intermediate-
mass galaxies which is steeper than the solid body-like
one but with no sign of becoming flat, and 3) a flat ro-
tation curve of massive spiral galaxies. The Hi line flux
is then distributed in the cubes based on their surface
brightness profiles which are described by an exponen-
tial profile with a scale length varying with the size of
the model galaxies. The cubes are spaced by a chan-
nel resolution of 4 km s−1 and smoothed by a Gaussian
beam with FWHM of 30′′ after adding white noise. The
spatial and spectral resolutions of the cubes are compa-
rable to those of ASKAP observations at 21cm. The 52
base cubes cover a broad range of galaxy and observa-
tional properties such as geometry (inclination, position
angle, and scale height), kinematics (warps, velocity dis-
persion, angular momentum vector, and rotation curves)
and S/N values. The variations of some key parameters
12 Fully Automated TiRiFiC (Kamphuis et al. 2015)
TABLE 1
The values of some key parameters of the model cubes.
See Kamphuis et al. (2015) for more details.
Parameter values
The number of beams across the major axis 4, 6, 7, 8, 9, 10, 11, 12, 16
Inclination (◦) 10, 20, 30, 40, 50, 60, 85, 88, 90
Position angle (◦) 45, 55
Channel width (km s−1) 4
Signal to noise ratio 2, 4, 8, 16
of the model cubes are listed in Table 1. We refer to
Kamphuis et al. (2015) for a complete description of the
model cubes.
We randomly add additional Gaussian components to
each line profile of the base data cubes to mimic ran-
dom non-circular motions caused by SNe explosions and
stellar winds from young stars. To explore an extreme
case, we give the profiles in the data cube a large frac-
tion of non-Gaussianity larger than 70%. For simplicity,
we add two different Gaussian components whose veloc-
ity dispersion is narrower (kinematically cold) or wider
(kinematically warm) than the parent profile. This re-
sults in asymmetric non-Gaussian velocity profiles. We
note that the usage of Gaussian profile could be limited in
modelling any non-Gaussian velocity profiles of galaxies
with high inclinations. The overlapped gas clouds being
located at the same line-of-sight but moving at different
rotation velocities could result in non-Gaussian velocity
profiles, which becomes more prominent in edge-on-like
6 Oh et al.
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Fig. 3.— Example 2D maps of an artificial data cube described in Section 3.1. The Gaussian components classified as bulk motions,
kinematically cold or warm components as well as the input moments with and without non-circular motions. The moment 0 and integrated
intensity (Int.) maps are given in units of Jy beam−1 km s−1. The moment 1, 2, central velocity (Vel), and velocity dispersion (Disp.)
maps are given in units of km s−1. The maps denoted as Ref., N-Gauss, and S/N in the rightmost panels show 1) the reference velocity
field used for extracting the bulk motions, 2) the optimal number of Gaussian components derived for each spaxel whose S/N values are
larger than 3, and 3) the highest flux values of the best fits over the rms, respectively. See Section 3.2 for more details.
galaxies. However, any inhomogeniety of gas distribution
in the disk of these edge-on-like galaxies makes it difficult
to predict a base model of their line-of-sight velocity pro-
files. Despite this limitation, we adopt the Gaussian pro-
file as a base model for the line-of-sight velocity profiles
of the disk. This will be more discussed in Section 3.2.
We assign the Gaussian profiles of the random motions
with their own amplitudes (a), velocity dispersions (σ),
and velocity centres (µ). We generate these parameters
(a, σ, µ) using Monte-Carlo techniques. For this, we
randomly shift the central velocity of each parent line
profile, and vary its amplitude, ranging from µparent −
5σparent to µparent+5σparent, and 0.2× aparent to 2.0×
aparent in the Monte Carlo simulations, respectively. For
the velocity dispersion, we use two different ranges: 1)
0.2×σparent ∼ 0.7×σparent, and 2) 1.5×σparent ∼ 2.0×
σparent for the kinematically cold and warm components.
Although this is not physically motivated, the resulting
non-Gaussian velocity profiles are suitable enough to test
the performance of our profile decomposition algorithm.
3.2. Multiple Gaussian components
We run the code on the artificial Hi data cubes to assess
whether it correctly decomposes the profiles and whether
the input parameters are recovered. As introduced in
Section 2.1, we apply 2dbat to moment 1 of the cube
to derive an initial reference velocity field which is then
updated in the next round of profile decomposition. For
a given input velocity field, 2dbat performs Bayesian fits
of 2D tilted-ring models and automatically extracts ring
parameters given a degree of regularisation for φ and i.
We refer to Oh et al. (2018) for its full description and
performance test.
When running 2dbat, we assume constant φ and i
to best model the flat disc kinematics of the artificial
galaxy. After profile decomposition according to BIC
statistics, the initial bulk velocity field is extracted in
accordance with the initial reference velocity field. We
then re-run 2dbat on the bulk velocity field to derive a
new reference velocity field. This step is iterated until
the mean residuals between the successive bulk velocity
fields are less than the channel resolution of 4.0 kms−1.
We performed the profile decomposition of the 52 ar-
tificial galaxies using the code, and classified the decom-
posed Gaussian components with respect to either their
velocity dispersions and amplitudes or their reference ve-
locity fields derived using 2dbat. When performing the
analysis, we let the code fit a given velocity profile with
up to four Gaussian components simultaneously. This
is more than enough to model the extreme cases of non-
Gaussianity in the line profiles. Accordingly, as described
in Section 2.1, the code makes four Bayesian fits of Eq. 1
to each profile with m=1, to 4, and chooses the most
appropriate model for the profile based on the computed
BIC statistics. For instance, in Fig. 2, we show all the
four decomposed Gaussian components of a model data
cube where two additional Gaussian components are in-
cluded. In addition, the extracted maps of the bulk mo-
tions, non-circular motions, kinematically cold and warm
gas components are presented in Fig. 3.
As shown in the panel (f2) of Fig 3, the number of
decomposed Gaussian components as per the BIC statis-
tics is three in the regions where the lowest S/N value
of the decomposed Gaussian components is larger than
approximately 3. We remind the reader that the input
number of Gaussian components used when constructing
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Fig. 4.— Mean residuals of the profile fit results (b0: background, a: amplitude, σ: dispersion and µ: central velocity) of the artificial
cubes between the input and derived ones against the number of resolved elements Nbeams across the semi-major axis (2 < Nbeams < 7).
These are given in unit of the rms of b0 (σbg) and the channel resolution (δv). Different symbols indicate the range (10
◦ - 90◦) of inclinations
used for modelling the cubes in Section 3.1 - 1) INPUTBULK − BULK: the difference between the input circular motions and the derived
bulk motions; 2) INPUTCOLD −COLD: the difference between the input non-circular motions with narrower velocity dispersions and the
motions classified as kinematically cold components; 3) INPUTWARM −WARM: the difference between the input non-circular motions
with wider velocity dispersions and the motions classified as kinematically warm components. See Section 3.2 for more details.
the Hi data cube in Section 3.1 was three. Moreover, the
extracted bulk velocity field is similar to the one shown
in the panel (a2) which does not include non-circular
motions. In addition, the kinematically cold and warm
velocity components are correctly separated given their
velocity dispersions if the number of decomposed Gaus-
sian components is at least larger than 2.
From this, the flat disk model with constant φ and i
is likely to be a good approximation for the underlying
kinematics of this artificial galaxy. However, this will
not hold for severely disturbed galaxies, for instance, the
ones experiencing strong tidal interactions. For these,
a fine-tuned 2D tilted-ring analysis with a higher-order
regularisation of φ and i would be required in order to
make a more representative reference velocity field.
In Figs. 4 and 5, we compare the derived parameters
(bg, a, σ and µ) of optimally extracted Gaussian compo-
nents of all the model cubes with those that were used
to build the cubes. For each model galaxy, we calculate
the mean difference (∆b0, ∆a, ∆σ and ∆µ) between the
derived and input Gaussian parameters of all the line
profiles whose S/N value is larger than 3. The calculated
mean difference of the model cubes is presented against
the numbers of resolved elements across their semi-major
axes, Nsemi−mx. Different symbols indicate the input in-
clination values of the model galaxies from 10◦ to 90◦
as denoted in the plot. Different colours represents the
beam sizes grouped into the bins from 2 to 8 beams. In
addition, the comparison is made for the three Gaussian
components classified as ‘bulk’, ‘cold’ and ‘warm’.
For the comparison between the bulk and input Gaus-
sian components, the parameters recovered by the code
are in general good agreement with the input except for
the galaxies which are resolved by less than four beams
across the semi-major axis and whose inclinations are
larger than 70◦ in our test. As expected, these devi-
ations can be mainly attributed to the low-resolution
beam smearing and the projection effects, respectively.
A similar trend is also found for the cold and warm Gaus-
sian components although the offsets are slightly larger.
The offsets are most prominent in the edge-on-like galax-
ies with i > 80◦ which are affected by projection, re-
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Fig. 5.— Mean residuals of the profile fit results (b0: background, a: amplitude, σ: dispersion and µ: central velocity) of the artificial
cubes between the input and derived ones against the number of resolved elements Nbeams across the semi-major axis (7 < Nbeams < 9).
These are given in unit of the rms of b0 (σbg) and the channel resolution (δv). Different symbols indicate the range (10
◦ - 90◦) of inclinations
used for modelling the cubes in Section 3.1 - 1) INPUTBULK − BULK: the difference between the input circular motions and the derived
bulk motions; 2) INPUTCOLD −COLD: the difference between the input non-circular motions with narrower velocity dispersions and the
motions classified as kinematically cold components; 3) INPUTWARM −WARM: the difference between the input non-circular motions
with wider velocity dispersions and the motions classified as kinematically warm components. See Section 3.2 for more details.
gardless of Nsemi−mx. However, even in galaxies with
intermediate inclinations, the beam smearing caused by
poor sampling can also lead to large offsets in the derived
Gaussian parameters. This demonstrates a fundamental
limitation of profile decomposition for either edge-on or
poorly-sampled galaxies.
Meanwhile, for the well-resolved (Nsemi−mx > 4) artifi-
cial galaxies with inclinations less than 60◦, the Gaussian
parameters recovered by the code in a fully automated
manner are consistent with the input, and are correctly
separated and classified in accordance with their velocity
dispersions and reference velocity fields.
In summary, for galaxies affected by non-circular mo-
tions but still dominated by circular rotation, the code
enables us to decompose different kinematic components
and classify them correctly, as long as 1) their inclina-
tions are less than 60◦, 2) the number of resolved ele-
ments across their semi-major axes, Nsemi−mx is larger
than four, and 3) the S/N value of profiles in their Hi
data cubes is high enough to perform reliable profile de-
composition.
4. APPLICATION TO THE LVHIS SAMPLE GALAXIES
We make a practical application of the method de-
scribed in Section 2 to a sample of galaxies taken from
LVHIS (Koribalski et al. 2018). LVHIS is a southern sky
Hi survey for 82 nearby (< 10 Mpc) galaxies with the
Australia Telescope Compact Array (ATCA) which pro-
vides a comprehensive Hi galaxy atlas in tandem with
deep Anglo-Australian Telescope H-band images as well
as BVRI-, Hα-, GALEX uv- and Spitzermid-infrared im-
ages (Koribalski et al. 2018). One of its primary goals is
to derive Hi morphologies and kinematics of the sample
galaxies at high angular resolution and sensitivity, and
relate them with star formation activities and environ-
ments. Thus, analysis of the Hi line profiles in an appro-
priate and quantitative manner is an essential prerequi-
site for addressing the structure and kinematics of the
ISM, and the link to other hydrodynamical processes in
the galaxies. In this paper, we focus on the performance
of the code implementing the proposed profile decompo-
sition method described in section 2.1 to see whether or
not it is applicable to data cubes from Hi galaxy surveys.
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TABLE 2
Properties of the LVHIS sample galaxies
Galaxy α (J2000) δ (J2000) Hi flux logMHI w50 vSYS 〈P.A.〉 〈i〉 D ΘMX
(hh:mm:ss) (dd:mm:ss) (Jy km s−1) (M⊙) (km s
−1) (km s−1) (◦) (◦) (Mpc)
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)
HIPASS J0256-54 02 56 55 -54 34 58 139.2 9.01 122 574±2 220 67 6.8 13.30
HIPASS J0320-52 03 20 05 -52 11 34 14.6 7.97 80 568±5 43 47 5.3 3.69
HIPASS J0705-58 07 05 18 -58 31 19 34.8 8.29 68 564±2 277 28 4.9 5.63
HIPASS J1057-48 10 57 32 -48 11 02 104.4 8.83 67 598±2 120 32 5.3 11.86
HIPASS J1428-46 14 28 06 -46 18 32 17.3 7.72 48 390±2 116 40 3.4 4.88
HIPASS J1620-60 16 20 56 -60 29 18 37.4 8.56 139 605±3 33 51 5.9 5.35
(1): HIPASS names; (2)(3): Kinematic centre positions derived from tilted-ring analyses in Oh et al. (2018). (4): Hi flux density derived
in Koribalski et al. (2018). (5): Total Hi mass derived in Koribalski et al. (2018). (6): Hi velocity widths determined at 50% of the Hi
peak flux in Koribalski et al. (2018). (7): Systemic velocity derived from tilted-ring analyses in Oh et al. (2018). (8): Mean position angle
derived from the tilted-ring analysis in Oh et al. (2018). (9): Mean inclination derived from the tilted-ring analysis in Oh et al. (2018).
(10): Distance as given in Koribalski et al. (2018). (11): Number of beams across the morphological major axis in Oh et al. (2018).
A companion paper will discuss the detailed kinematic
analysis of the LVHIS galaxies (Oh et al. in prep).
Of the sample galaxies, we select 6 representative
galaxies whose inclination and Nsemi−mx values are com-
parable to those of the artificial galaxies discussed in Sec-
tion 3.1: 1) 3 < Nsemi−mx; 2) 20◦ < i < 70◦. The basic
observational properties of the sample galaxies are pre-
sented in Table 2. These will be more or less like those
of the resolved galaxies expected from ASKAP WAL-
LABY, in terms of the spatial (20-60′′) and spectral (4
km s−1) resolution. In this respect, the LVHIS sample
galaxies have also been used for testing the performance
of ASKAP WALLABY kinematics pipelines like fat and
2dbat (Kamphuis et al. 2015; Oh et al. 2018).
4.1. The data cube
We use the Hi data cubes that were reduced using
‘natural’ weighting of the uv-data with a velocity spac-
ing of 4 kms−1. The final cubes provide angular res-
olution less than ∼40′′ (∼1 kpc at ∼5 Mpc) and rms
sensitivity of ∼1.5 mJy beam−1 per channel. We refer
to Koribalski et al. (2018) for full descriptions of the cal-
ibration and imaging of the data cubes.
In the panels (a1-3) of Figs. 6 to 11, we show the mo-
ment maps of the galaxies extracted from the Hi data
cube using the standard method with simple clipping.
As discussed earlier, the conventional moment analysis is
limited in quantifying non-Gaussian profiles and deter-
mining their representative properties, often giving es-
timates which are biased by noise or complex velocity
structure. The galaxies’ complex Hi velocity structure
could result in the distorted velocity pattern of the mo-
ment 1 images shown in Figs. 6 to 11. This could partly
be caused by star formation processes in the galaxies.
These processes could interact with the ISM in a way that
clearly disturbs the ambient ISM, resulting in distorted
iso-velocity contours. In the following sections, we apply
our profile decomposition technique to the data cubes of
the sample galaxies, in order to improve the kinematic
analyses.
4.2. Profile decomposition
We run the code on the Hi data cubes of the 6 LVHIS
sample galaxies to perform a Bayesian profile decompo-
sition from which the best-fitting models for individual
line profiles are derived. As in the case of the artificial
data cubes discussed in Section 2.1, we let the code fit
a line profile with up to five Gaussian components, and
find the best model for each line-of-sight profile in accor-
dance with the computed BIC statistics.
4.2.1. Quantification of complex Hi structure and kinematics
Maps of the optimal number of Gaussian components
derived for each spaxel whose S/N values are larger than
3 are shown in the panel (e2) of Figs. 6 to 11. There are
line profiles which are best fitted by a single Gaussian
withm=1 in Eq. 1, distributed across the galaxies. Aside
from the line profiles with low S/N values, some of these
single Gaussian profiles could be the leftover ISM from
gas outflows driven by star formation or SNe explosions.
The pixel values of the maps in the panel (e2) of Figs. 6
to 11 range from 1 to 3, with a median value of 2 for most
galaxies. This indicates that there is a significant fraction
of non-Gaussian profiles in the data cubes. The extracted
maps will be useful in quantifying the complexity of Hi
structure as well as kinematics of the galaxies.
4.2.2. Kinematically cold and warm components
The kinematically cold and warm Hi components sep-
arated with respect to their velocity dispersions are
mapped in the panels (c1-3) and (d1-3) of Figs. 6 to 11.
As discussed in Section 2.2, we choose the ones with the
narrowest and widest velocity dispersions as the kine-
matically cold and warm components, respectively, to
perform the Gaussian decomposition. This classification
only holds for the spaxels whose optimal number of Gaus-
sian components found to be larger than 2.
In the comparison of the velocity fields of the cold and
warm components, they do not appear to be much dif-
ferent except for some localised regions. In these regions,
the difference of velocity dispersion between the cold and
warm components is likely to be enhanced as shown in
the panels (c3) and (d3) of the figures. In addition, the
warm components tend to be more concentrated towards
the central region of some galaxies like HIPASS J0256-
54, HIPASS J0320-52 and HIPASS J1620-60 as shown in
their integrated intensity maps (c1 and d1 panels). This
could be caused by hydrodynamical processes resulting
from star formation activity in the galaxies. The kine-
matically cold components may be acting as a gas reser-
voir in the formation of molecular gas which correspond-
ingly fuels star formation. Meanwhile, the warm com-
ponents may be associated with the deposition of en-
ergy from on-going star formation in the galaxies. More
quantitative analysis and discussion on the pixel-by-pixel
comparison of multi-wavelength data of the galaxies in-
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Fig. 6.— (a1-3) - (d1-3): 2D maps of the Gaussian components classified as bulk motions, kinematically cold or warm components of
HIPASS J0256-54 together with its moment maps: 1) Int- integrated intensity in units of 103 × Jy beam−1 km s−1; 2) Vel.- central velocity
in units of km s−1 and 3) Disp.- velocity dispersion in units of km s−1. The contours overlaid on the velocity fields are spaced by 20 kms−1.
(e1): The model reference velocity field used for extracting the bulk motions. (e2): The optimal number of Gaussian components derived
for each spaxel whose S/N values are larger than 3. See Section 4.2 for more details.
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Fig. 7.— (a1-3) - (d1-3): 2D maps of the Gaussian components classified as bulk motions, kinematically cold or warm components of
HIPASS J0320-52 together with its moment maps: 1) Int- integrated intensity in units of 103 × Jy beam−1 km s−1; 2) Vel.- central velocity
in units of km s−1 and 3) Disp.- velocity dispersion in units of km s−1. The contours overlaid on the velocity fields are spaced by 10 kms−1.
(e1): The model reference velocity field used for extracting the bulk motions. (e2): The optimal number of Gaussian components derived
for each spaxel whose S/N values are larger than 3. See Section 4.2 for more details.
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Fig. 8.— (a1-3) - (d1-3): 2D maps of the Gaussian components classified as bulk motions, kinematically cold or warm components of
HIPASS J0705-58 together with its moment maps: 1) Int- integrated intensity in units of 103 × Jy beam−1 km s−1; 2) Vel.- central velocity
in units of km s−1 and 3) Disp.- velocity dispersion in units of km s−1. The contours overlaid on the velocity fields are spaced by 10 kms−1.
(e1): The model reference velocity field used for extracting the bulk motions. (e2): The optimal number of Gaussian components derived
for each spaxel whose S/N values are larger than 3. See Section 4.2 for more details.
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Fig. 9.— (a1-3) - (d1-3): 2D maps of the Gaussian components classified as bulk motions, kinematically cold or warm components of
HIPASS J1057-48 together with its moment maps: 1) Int- integrated intensity in units of 103 × Jy beam−1 km s−1; 2) Vel.- central velocity
in units of km s−1 and 3) Disp.- velocity dispersion in units of km s−1. The contours overlaid on the velocity fields are spaced by 10 kms−1.
(e1): The model reference velocity field used for extracting the bulk motions. (e2): The optimal number of Gaussian components derived
for each spaxel whose S/N values are larger than 3. See Section 4.2 for more details.
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Fig. 10.— (a1-3) - (d1-3): 2D maps of the Gaussian components classified as bulk motions, kinematically cold or warm components of
HIPASS J1428-46 together with its moment maps: 1) Int- integrated intensity in units of 103 × Jy beam−1 km s−1; 2) Vel.- central velocity
in units of km s−1 and 3) Disp.- velocity dispersion in units of km s−1. The contours overlaid on the velocity fields are spaced by 10 kms−1.
(e1): The model reference velocity field used for extracting the bulk motions. (e2): The optimal number of Gaussian components derived
for each spaxel whose S/N values are larger than 3. See Section 4.2 for more details.
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Fig. 11.— (a1-3) - (d1-3): 2D maps of the Gaussian components classified as bulk motions, kinematically cold or warm components of
HIPASS J1620-60 together with its moment maps: 1) Int- integrated intensity in units of 103 × Jy beam−1 km s−1; 2) Vel.- central velocity
in units of km s−1 and 3) Disp.- velocity dispersion in units of km s−1. The contours overlaid on the velocity fields are spaced by 20 kms−1.
(e1): The model reference velocity field used for extracting the bulk motions. (e2): The optimal number of Gaussian components derived
for each spaxel whose S/N values are larger than 3. See Section 4.2 for more details.
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cluding our decomposed maps will be presented in the
subsequent paper (Oh et al. in prep.).
4.2.3. Bulk motions
From the Gaussian components for each galaxy, we
extract the ones moving at the closest velocities to the
reference velocity field. These are most likely to trace
the global kinematics of the galaxy. We then classify the
rest of the Gaussian components deviating from the bulk
motions as non-circular motions.
For the reference velocity field, we construct a model
velocity field using the fit results from 2dbat in Oh et al.
(2018). As discussed in Oh et al. (2018), 2dbat uses
basis spline functions (de Boor 1978), the so-called ‘B-
splines’ to regularise any radial variations of φ and i. The
degree of regularisation for each galaxy is manually con-
trolled by changing the order of the B-splines, depending
on the Nsemi−mx and the level of radial variation of the
ring parameters. We refer to Oh et al. (2018) for the full
description of 2dbat and its performance test.
In the panel (e1) of Figs. 6 to 11, the model reference
velocity fields derived using 2dbat are presented. These
are used for classifying the decomposed Gaussian com-
ponents in the Hi data cubes of the galaxies. The bulk
motion maps of the 6 LVHIS sample galaxies extracted
assuming their reference velocity fields are shown in the
panels (b1-3) of Figs. 6 to 11. As a comparison, in the
panel (a2) of the figures, we show the intensity-weighted
mean (IWM) velocity fields (moment 1) of the galax-
ies. In general, the bulk and IWM velocity fields are
not much different with each other except for some lo-
calised regions where multiple kinematic components are
present as quantified in the maps of the optimal num-
ber of Gaussian components in panel (e2). Despite the
local wiggles in the iso-velocity contours, the kinematic
components moving at velocities close to the underlying
kinematics predicted by the reference velocity fields are
extracted in the bulk velocity fields.
We re-iterate that all the decomposed Gaussian com-
ponents in this test satisfy our decomposition criteria
including that 1) the S/N value of the peak flux is larger
than 3, and 2) the dispersion is larger than one channel
resolution. We also emphasise that the bulk velocity field
of a galaxy extracted using our method is dependent on
the assumed model reference velocity field, and should
only be considered as representative of the kinematics
for the circularly rotating component of the galaxy. More
detailed kinematics analysis using the extracted bulk mo-
tions of the galaxies will be discussed in the companion
paper (Oh et al. in prep.).
5. SUMMARY
In this paper, we present a new algorithm for the anal-
ysis of velocity profiles of data cubes from observations of
Hi , or other spectral lines, based on a Bayesian MCMC
technique. The algorithm deals with multiple Gaussian
components to find a model which best describes the
overall line profile, including non-Gaussianity and asym-
metry. For each line profile, it firstly fits a series of mod-
els comprising different numbers of Gaussian components
ranging from 1 up to the maximum number supplied by
the user. Among the competing models, it then finds
the best model in terms of their BIC values, these are
calculated from the derived log-likelihood estimate for
each model. This is particularly useful for the analysis
of asymmetric non-Gaussian velocity profiles, character-
istic of the ISM of many galaxies with complex structure
and kinematics.
Compared to the standard χ2 minimisation technique,
the Bayesian fits via MCMC sampling are less sensitive
to initial priors, and robust at finding the true global
best-fit parameters. Apart from specifying a range for
the priors of each parameter, the analysis is fully auto-
mated. The decomposed Gaussian components can also
be classified by: (1) their velocity deviation against a
reference circular rotation (e.g. to separate bulk motions
from non-circular motions); or (2) their velocity disper-
sion (e.g. to separate cold and warm components). This
classification step can be further improved by adopting a
new reference velocity field which is derived from a kine-
matic analysis made using the extracted bulk velocity
from the previous step.
Code written in C and MPI which implements the
above algorithm is freely available. To check reliabil-
ity and robustness, we test the code using 52 artificial
Hi data cubes built using the observational properties of
dwarf, intermediate-mass, and massive galaxies as pre-
sented in Kamphuis et al. (2015). The model cubes cover
a wide range of observational parameters expected from
a large survey, in terms of the galaxy geometry (the size,
inclination, position angle and scale height) and kine-
matics (rotation curves, velocity dispersion and angular
momentum vector) at various S/N values. We performed
the profile decomposition of the model galaxies using the
code in a fully automated manner with the reference ve-
locity fields which were derived using 2dbat.
For the model galaxies inclined less than 60◦ and re-
solved by more than four beams across their major axes
as well as satisfying the decomposition criteria adopted in
our test such as the S/N value of the peak flux (> 3) and
the velocity dispersion limit (> 1 channel resolution), the
code was able to recover the input Gaussian components
correctly. However, if the galaxies were affected by ei-
ther beam smearing or projection effects, then this leads
to bias in the derived Gaussian parameters. From this,
we conclude that the algorithm provides reliable profile
decomposition for well-resolved (Nsemi−mx > 4) galaxies
with inclinations less than 60◦ as long as the lowest S/N
value of the decomposed Gaussian components is larger
than 3.
As a practical application, we apply the technique
to Hi data cubes of 6 sample galaxies taken from the
ATCA LVHIS survey. The optimally decomposed Gaus-
sian components of the galaxies are then classified kine-
matically as cold, warm or bulk components with respect
to their reference velocity fields derived using 2dbat. We
find that the cold and warm components of the galaxies
differ little in their velocity fields, but the warm compo-
nents tend to be pronounced in some localised regions
of the integrated intensity and velocity dispersion maps.
This could be caused by hydrodynamical processes in
these regions like stellar winds, SNe explosions etc.
To derive systematic bulk motions within the galaxies,
we construct their reference velocity fields using the fit re-
sults from 2D tilted-ring analysis made with 2dbat. We
then extract the Gaussian components which are closest
to the velocities predicted by the reference velocity fields.
The bulk velocity fields are, in general, consistent with
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the moment 1 maps except for the regions where mul-
tiple kinematic components are present. However, the
underlying kinematics of the galaxies are expected to be
better traced by their bulk velocity fields, which separate
any random motions from the circular rotation.
According to our tests using both artificial and real
galaxies, the profile decomposition algorithm will be use-
ful for quantifying the complexity of ISM structure and
kinematics, and investigating its relationship with hy-
drodynamical processes and mass distribution in galaxies
detected in future large-scale spectral-line surveys.
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